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In July of 2000, the Information Center for the Environment (ICE) and Center for Spatial Technologies and
Remote Sensing (CSTARS) collaborated with National Aeronautics and Space Administration — Jet Propulsion
Laboratory (NASA — JPL) to obtain Airborne Visible InfraRed Imaging Spectrometer (AVIRIS) data of the Navarro
River watershed. The Navarro River watershed islocated in southern Mendocino County, California, USA. This
watershed, 820 km?in size, drains into the Pacific Ocean and provides a unigque opportunity to investigate a closed
hydrologic system (Figure 1). A mixture of redwood and mixed conifer forests, oak woodlands, open grasslands,
and agricultural areas provides an array of land uses from which to analyze interactions with aquatic and riparian
habitats. The Navarro River watershed supports a resource-based economy; timbering, grazing, and limited cropping
are the primary land use activities in the watershed. However, recent changes in the California economy have
resulted in increased viticultural activities and an increase in the local human population (ca. 3500) within this
watershed. These combined factors have resulted in pervasive land use change in the last 150 years, from which
researchers have sought to inventory, catalogue, and provide a synopsis of the ecological state of the watershed.

Using alarge area, high spatial resolution collection of AVIRIS datafor the Navarro River watershed, a
classification of riparian vegetation was initiated using a combination of traditional ecological assessment
techniques and hyperspectral data analysis. The Navarro River watershed is the focal point of many ongoing,
multidisciplinary investigations concerning anthropogenic disturbance of watershed processes, such aslogging, road
building, and land conversion to vineyards and other agriculture, and resulting ecological responses. Namely, these
studies have focused on the role that land use activities play in perturbing anadromous salmonid popul ations and
habitat. Riparian vegetation is a key habitat parameter in that it regulates many of the ecosystem components
necessary for salmon reproduction, rearing, and migration through its effect on stream shading, contribution of large
woody debris, and allocthonous inputs to the stream system, none which can be assessed comprehensively from
ground studies due both to the size of the area and limited access to private lands. The primary goal of this project
was to test the suitability of hyperspectral analytical techniques to identify and asses riparian vegetation over an area
with complex topography and land use. In particular, our goals were to use ecological field datato 1) provide a
priori expectations of vegetation classifications, 2) serve as a verification for spectral classification, and 3) to serve
as a basis from which to nest the classification results within ongoing, national efforts of catal oging vegetation.

A series of traditional vegetation classification methods were employed on field data to determine the
expected species composition of vegetation communities within the riparian zone. The traditional methods of
vegetation classification from field collections are based on clustering algorithms and factor analyses, such as
TWINSPAN (Hill, 1979), and these methods were used to establish an expected distribution of species for the
watershed. To limit spectral feature extraction of possible riparian vegetation to locations near waterways, ariparian
zone was delineated by using topographic features generated from a digital elevation model of the watershed. The
processresultsin a hierarchical framework with expected species distributions that represent field conditions; this
framework was then integrated with hyperspectral feature extraction methods, such as endmember selection, to
discriminate different vegetation communities within the riparian zone.

Efforts to bridge vegetation community ecology and spectral technologies are not new; however, the use of
hyperspectral data analysis to elucidate both specific constituents of vegetation communities and intra-community
differencesis adynamic, adaptive science (Roberts et al., 1998). Techniques of both vegetation ecologists and
spectrometrists are directed toward pattern detection. V egetation ecologists typically do not test a priori hypotheses
—studies are far more often observational or descriptive, with a focus on inductive, multivariate methodologies.
Similarly, spectrometry relies on the multi-, or hyper-, variate differences among materials to effectively
discriminate and identify classes of objects. In this paper, we engage in methods to identify physical relationships
that are evident in both ecological and spectral space. Namely, riparian plant species were identified and categorized
into communities on the ground. AVIRIS data were used to both classify vegetation communities within the riparian
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zone and to identify diagnostic species spectrally. The results of our study indicate that the composition of species
within vegetation communities is reflected in both variable spaces: ecological and spectral.

M ethods:

The following software packages were necessary for the procedures detailed below: ESRI Arclnfo v. 8.0.2
(Environmental Systems Research Institute, Inc.); ERDAS Imagine v. 8.5(Leica Geosystems, Atlanta, Georgia); RSI
ENVI v. 3.5 (Research Systems Inc., Boulder, Colorado); RSI IDL v. 5.5 (Research Systems Inc., Boulder,
Colorado); PARGE v. 1.3 and ATCOR4 v. 2.0 (ReSe Application Schlépfer, Zurich, Switzerland), and PC ORD v.
4.14 (MjM Software, Gleneden, Oregon).

Inall, NASA flew 26 of the 29 proposed flightlines over a period of three daysin late July of 2000. For this
preliminary hybrid classification analysis, we have chosen one representative flightline (FL) from the collection to
process. FL 18 (Figure 1). Elevation of the study site ranges from sealevel to 1054 m with most ridge tops
paralleling the San Andreas Fault in a southeast to northwest direction toward the Pacific Ocean.
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Figure 1. Map of the Navarro River watershed with the proposed AVIRIS flightlines and primary hydrographic
features. All but flightlines 1-3 were flown in July 2000. Flightline 18 is the focus of this study. Inset Map shows
position of watershed in Mendocino County, California.

NASA — JPL supplied the AVIRIS datain radiometrically corrected format on 8mm tape. Tape contents
were uncompressed to a common file space on a sixteen-processor SGI Origin 2000 supercomputer; each flightline



totals approximately 1.5 — 2.5 gigabytes. To geometrically correct flightline data, aterrain correction software
package, Parametric Geocoding (PARGE) (Schldpfer, 2000), was used. PARGE integrates the inertial navigation
unit readings, flight GPS positions, and ground control points (GCPs) to correct for pitch, roll, heading, and yaw.
This procedure also incorporates a Digital Elevation Model to adjust for topographic effects. Prior to initiating
PARGE, each frame was mosaicked in ENVI to create a seamless flightline. AVIRIS data were converted from BIP
to BSQ in ENVI. GCPs were collected by using a combination of ENVI and Imagine tool sets and Digital
Orthophoto Quarter Quadrangles as a visual anchor. GCPs were systematically eliminated based on their X and Y
coordinate offsets until the GCP Residual (RMSE) was less than 5.0 m. A 10-m USGS Digita Elevation Model of
the watershed was resampled to 5 m cell resolution using bilinear interpolation and converted in Arclnfo from agrid
toaDEM in USGS format (ESRI, 2001). The USGS format DEM was imported into ENVI to be used with PARGE,
along with the GCPs. The final AVIRIS data were resampled to 5m from the native 3.3-m to 4.2-m spatial
resolution. The geo-corrected results from PARGE, in addition to field spectra of pseudo-invariant targets, such as
Navarro Beach and the Boonville Airport, were incorporated into ATCOR4, an atmospheric correction software
package (Richter, 2000). ATCOR4 corrects for sun angle, atmospheric moisture and particul ates, topography, off-
nadir viewing angles, and shadows. Once the FL s were geometrically and atmospherically corrected, "noisy" bands
were eliminated. Bands were visually inspected and dropped from the analysisiif their respective response signatures
for aknown material deviated from the expected response. The following bands were chosen as acceptable for
further analysis: 2-104, 116-152, 168-220 (384.46 nm—1324.15 nm, 1443.7 9 nm-1802.45 nm, 1950.66 nm—
2469.24 nm, respectively) and resulted in afinal spectral product.
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Figure 2. Processing flow diagram for the hybrid methodology to discriminate riparian vegetation.

The process for isolating riparian vegetation relies on a hybrid methodology, which incorporates an
intersection of two masks, an ecological field data classification, afield-integrated spectral classification, an
ecological field dataindicator species analysis, and afinal spectral comparison of indicator species within classes
(Figure 2). The dual masking procedure is part terrain analysis and part spectral transformation. The spectral
masking involved the transformation of the spectral array into three data planes using the Tasseled Cap
transformation (Jackson, 1983, Richards and Jia, 1999). A processing script was developed in Interactive Data



Language (IDL) to extract data planes viathe Tasseled Cap procedure for soil brightness, vegetation greenness, and
water saturation (Jackson, 1983, Richards and Jia,1999). The IDL script uses Regions of Interest (ROIS) as inputs
for each data plane and the spectral downselected bands are used in the input array. To develop a series of ROIs, FL
18 was transformed using Boardman and Kruse's (1994) Minimum Noise Fraction (MNF) routine to collapse the
input data array into 92 dimensions; ultimately the twenty dimensions with the highest eigenval ues were used for
classification. ROIs were defined for pixels encoded by the Pure Pixel Index (1000 iterations) (Boardman et al.,
1995) on the MNF transformed arrays. ROIs, in this case, were selected to represent soil brightness, vegetation
greenness, and water saturation. Flightline 18 was examined for the distribution of values from the three-band
transform array and each plane was bisected to separate materials based on its modal distribution. Vegetation was
determined to have a“ greenness’ array value greater than the least first standard deviation from the mean.

To reduce spectral variability and errant classification of riparian vegetation in upland vegetation
communities, the vegetation pixels were further segmented with a Riparian Extent Mask. The Riparian Extent data
grid was created as a combination of two inputs. The first input is a Euclidean distance from streams data grid that
was natural log transformed and rescaled from 1-100. A break point of 37.4 was chosen; it represents one standard
deviation less than the mean. The second input represents the least cost path away from streams where Degree Slope
isthe cost. The results were natural log transformed and rescaled 1-100. A break point of 76.6 was chosen; it
represents one standard deviation less than the mean. The Riparian Extent Mask represents the intersection of these
two grids. This Riparian Extent Mask was then used to limit the influence of upslope vegetation on the spectral
classification of the AVIRIS data and the Tasseled Cap Greenness plane was used as a mask to restrict the spectral
classification to vegetation solely.

The hyperspectral classification incorporated the results of ecological data analysis of fieldwork conducted
in the summer of 2000. The riparian fieldwork consisted of 6-10 m x 10 m quadrats randomly placed along each
study reach at sixteen study sites throughout the watershed (Figure 3). Study sites were stratified to represent major
tributaries in the watershed and position in the watershed, in terms of upstream accumulative drainage area. This
stratification also recognizes differences in elevation, geologic substrates, and distance to the Pacific Ocean—a
primary climatological determinate. We identified all woody species, estimated percent cover of each woody
species, measured all stems greater than 10cm at diameter breast height, measured tree heights with a LaserTech
Impulse 2000 Rangefinder, and located quadrat boundaries with a Trimble ProXRS DGPS. Additional field
verification plots and individual species |ocations were geographically located with DGPS as well.

The species cover data were analyzed using Two-Way Indicator Species Analysis (Hill, 1979, McCune and
Mefford, 1999). TWINSPAN can be described as dichotomized ordination analysis, in that an iterative character
weighting is used to separate species affinities based on the incorporation of pseudo-species to represent differences
in abundance for each observed species (van Tongeren, 1995). Similarly, sample sites are dichotomized and,
ultimately, added to a species-by-site matrix. The result of this ordination is afidelity matrix with an approximate
positive diagonal, from upper-left to lower-right, which can be used to characterize un-sampled sites (van Tongeren,
1995); in thisexercise, it is used as an a priori guide to vegetation communities within the riparian zone and resulted
in three broad classes (Appendix I). Lastly, in terms of the ecological field data analysis, an Indicator Species
Analysis was performed using the three Riparian V egetation classes derived from TWINSPAN (Dufrene and
Legendre, 1997). Indicator Species Analysis isa method that combines information on the concentration of species
abundance for a particular group and the faithfulness of occurrence of a speciesin that group, as a function of
frequency (McCune and Mefford, 1999). It produces indicator values for each speciesin each group, reflecting
abundance and frequency, and this score is tested for statistical significance using a Monte Carlo technique
(McCune and Mefford, 1999).
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Figure 3. Map of field vegetation plotsin the Navarro River watershed depicts a stratification based on major
tributaries and watershed position. Study plotsare 10 m x 10 m and are in clusters of six plots per site, as shown
in the inset map.

Two classification methods were performed on the AVIRIS data to accomplish two separate, but related,
objectives: 1) an unsupervised classification to establish vegetation communities within the riparian extent; and 2) a
supervised classification of Indicator Species reference spectrato establish distributions of plant species indicative
of vegetation communities. The purpose of this two-staged approach is to determine if hyperspectral data analysis
can be used to identify patterns of species indicative of vegetation communities observed in the field; essentially,
this two-stage method tries to establish whether vegetation communities observed in the field, in terms of
composition and constancy, are reflected in the spectral characteristics of AVIRIS. A Spectral Angle Mapper (SAM)
supervised classification was performed in ENVI using ROI s defined by the field quadrat boundaries and ancillary
field identifications. The SAM classification (Kruse et a., 1993) was seeded to represent Indicator Species from the
TWINSPAN classification using ROl endmembers for coast redwood, California bay laurel, and arroyo willow with
a 0.1 radian deviance threshold from the reference spectra for classification. For each diagnostic species, a series of
ROIs were identified, mean and standard deviation spectra were collected, and spectral libraries created to be used in
the SAM classification. Additionally, a K-Means unsupervised classification was implemented on the twenty-band
MNF in ENVI to classify vegetation communities within the riparian extent (Figure 4.1). A total of four classes
were chosen to represent vegetation within the riparian extent (Figure 4.2); three classes are described in field plot
results, and one class represents cultivated crops. The K-Means classification was performed with five hundred
iterations and a 2% class deviance. Field plots and individual species’ locations were geographically located with a
Trimble ProXRS GPS unit, differentially corrected, and brought into ENV1 as vector data for verification.



Results:

Using minimum criteria for TWINSPAN classification of field data, three broad classes of vegetation
emerged. Two classes are typically considered upland vegetation; however, they are well represented in the riparian
zone (Class A & B). These two classes have three species that are ubiquitous and representative: California bay
laurel (Umbellularia californica), Douglas-fir (Pseudotsuga menzesii), and tanoak (Lithocarpus densiflorus). These
two classes are separated by two diagnostic species. coast redwood (Sequoia sempervirens), and big-leaf maple
(Acer macrophyllum); representing wetter and drier climes respectively. Other species that are marginally diagnostic
are Pecific madrone (Arbutus menziesii) for wetter environments and coast live oak (Quercus agrifolia) for drier
environments. The riparian class (Class C) is represented by a heterogeneous mixture of species, however, arroyo
willow (Salix lasiolepis), Himalayan blackberry (Rubus discolor), and white alder (Alnus rhombifolia) emerged as
diagnostic species. Other indicator speciesin thisriparian class are: California blackberry (Rubus vitifolius), Pacific
dogwood (Cornus nuttallii), and white willow (Salix alba). Furthermore, many of these species have significant
Indicator Valuesin determining riparian class as determined by Indicator Species Analysis (Table 1), which
determines a species Indicator Value as a function of abundance and frequency (Dufrene and Legendre, 1997). For
Class A, redwood had the highest Indicator Value. For Class B, California bay laurel was the best indicator species.
Arroyo willow had the highest Indicator Value for Class C.

The results of the K-Means classification of the MNF transformed flightline 18 showed an overall accuracy
of 71.77% and a Kappa Coefficient of 0.58 when using post-classification verification field plots. Class A (Sequoia)
had a Producer’s/ User’'s Accuracy of 66.7% / 86.5%. Class B (Umbellularia) had a Producer’s/ User’s Accuracy
of 71.1%/ 63.4%. Class C (Salix) had a Producer’s/ User’s Accuracy of 78.9% / 72.3%. The results of the Spectral
Angle Mapper classification for the three class diagnostic species (Table 1, in bold), determined from Indicator
Species Analysis (results in Table 2), describe the relationship between vegetation community class, as defined by
K-Means, and spectral libraries developed from field observation ROIs. The comparison of the SAM Indicator
Species classification to the K-Means Community classification had overall accuracy 97.82% of and a Kappa
Coefficient of 0.7471. These results are further detailed in Table 1.

Table 1. Results of Spectral Angle Mapper Classification on Discriminated Riparian Vegetation using field
mean and standard deviation spectrafor selected Indicator Species defined by K-Means Classification.

Class Indicator Species No. SAM Pixels No. Class Pixels Pct. Indication by SAM
A Sequoia sempervirens 46551 65822 70.72
B Sequoia sempervirens 17745 46766 37.94
C Sequoia sempervirens 4849 38890 12.47
A Umbellularia californica 531 65822 0.81
B Umbellularia californica 13486 46766 28.84
C Umbellularia californica 1801 38890 4.63
A Salix lasiolepis 15589 65822 23.68
B Salix lasiolepis 13892 46766 29.71]
C Salix lasiolepis 20777 38890 53.43

Discussion:

Riparian vegetation communities identified in the field were identified spectrally viaarestricted K-Means
classification on MNF transformed AVIRIS data. The results of this classification, with an overall accuracy of
71.77%, suggest that the three vegetation classes within the riparian extent largely represent field observations
(Figure 4.3) and the association with the field plots, classified by TWINSPAN to cluster communities of plant
species, was generally correct. Thus, each spectral class had a representative surrogate field class that was verified
viacluster analysis of field data plots. Additionally, and perhaps more significantly, SAM classification of AVIRIS
data for selected species shows similar patterns of species associations observed in the field. In particular, Indicator
Species Analysis, a method using species’ observed abundance and frequency in relation to devel oped classes or
communities, produced three diagnostic species for the three observed riparian communities. Spectral libraries of
these diagnostic species were used in the SAM classification, which in turn were compared to the K-Means
classified riparian communities. The overall accuracy of this comparison was 97.82%. Ultimately, these results
indicate that the cross-comparison of individual speciesto classes was accurate in both field and spectral settings.



Table 2. Indicator Species Analysis Values and Probabilites for Sampled Riparian Plant Speciesin the Navarro
River Watershed by Spectral Class.
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* proportion of randomized trials with indicator value equal to or exceeding the

P = (1 + number of runs >= observed)/(1 + humber of randomized runs)

Taxon Name
Salix lasiolepis
Acer macrophyllum
Umbellularia californica
Quercus kelloggii
Rubus ursinus
Aesculus californica
Rhamnus californica
Corylus cornuta var. californica
Torreya californica
Vitis californica
Quercus chrysolepis
Quercus agrifolia
Sequoia sempervirens
Ceanothus incanus
Salix hookeriana
Arctostaphylos manzanita
Baccharis pilularis
Pseudotsuga menziesii var. menziesii
Abies grandis
Rubus discolor
Arbutus menzesii
Fraxinus latifolia
Cornus nuttallii
Taxus brevifolia
Toxicodendron diversilobum
Alnusrubra
Salix laevigata
Rubus spectabilis
Salix sessilifolia
Salix sitchensis
Lithocarpus densiflorus
Heteromeles arbutifolia
Quercus lobata
Myrica californica
Rhododendron occidentale
Plantanus racemosa
Alnus rhombifolia
Salix alba

Common Name

Class

Indicator Value

arroyo willow
big-leaf maple
California bay
California black oak
Californiablackberry
California buckeye
Cadlifornia coffeeberry
California hazelnut
California nutmeg
Californiawild grape
canyon live oak

coast live oak

coast redwood

coast whitethorn
coastal willow
Common manzanita
coyote brush
Douglas-fir

grand fir

Himalayan blackberry
Madrone

Oregon ash

Pacific dogwood
Pacific yew

poison oak

red alder

red willow

salmon berry

sandbar willow

Sitka willow

Tanoak

Toyon

valley oak
wax-myrtle

western azalea
western sycamore
white alder

white willow

observed indicator value (Dufrene and Legendre 1997).
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53.7
30.7
68.1
13.2
20.8
24
10.8
11.9
7.1
7.3
105
17
83.4
7.9
6.6
2.6
14.3
454
10.7
70.4

34
15.4
51
13.8
4.7
7.7
53
2.6
7.7
63.2
51
105
54
154
7.7
51
231

p*
0.001
0.015
0.001
0.069
0.121

1
0.109
0.225
0.481
0.415
0.159
0.069
0.001
0.189
0.327

1
0.023
0.005
0.143
0.001
0.587
0.762
0.021
0.579
0.119
0.662
0.139
0.498

1

0.15
0.001
0.447
0.103
0.311
0.038
0.135
0.001
0.006
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Comparatively, Californiabay laurel (Umbellularia californica) was the only Indicator Species to not
represent more than 50% of its associated Class pixels; it represented only 28.84% of Class B. Without additional
fieldwork, it is difficult to determine if the SAM performed poorly for bay laurel or if the incorporation of other
diagnostic species, such as big leaf maple (Acer macrophyllum), would be more appropriate for this class. Class B
must also be considered a“ mixed hardwood” community and, as such, would naturally have a great number of
possible speciesin its class. Regardless, each Indicator Species had the predominate percent of its pixels within its
associated K-Means class. Coastal redwood (Sequoia sp.) performed the best at 70.72% of its SAM pixelsin Class
A. Furthermore, it is also apparent that traditional riparian vegetation, as represented by willow (Salix spp.) for
example, aretrue to their ecological form in terms of being generally interspersed within other vegetation
communities; thisis evidenced by each of the three K-Means riparian classes having more than 20% of its pixels
classified as arroyo willow (S. lasiolepis) by SAM. Arroyo willow represented 53.43% of Class C. In the case of
true riparian vegetation, additional diagnostic species will need to be incorporated into future SAM classification
effortsif the identification of specieswill be used as a surrogate for classifying vegetation communities.

These results are for alimited portion of the watershed and could change with the incorporation of other
flightlines and other field plots. Some considerations for addressing possible error include: 1) the mixed composition
of vegetation communities are difficult to separate spectrally by species; 2) the “ribbon” forest nature of riparian
vegetation can be overwhelmed by upland species; and 3) canopy structure, especially with 80-100 m tall coastal
redwood trees, can obscure other vegetation features. The preliminary results of this effort indicate that hybrid
methods of feature extraction work best in this varied landscape of topography, climate, and vegetation
communities. Additional research will be focused on assessing other discriminatory methods for feature extraction
within the riparian zone and other feature types. However, assessing the distribution and composition of riparian
vegetation at a watershed scale is essential to protecting salmonid habitat and guiding restoration efforts. The
methods outlined here, as they are improved, will aid land use managers in their ability to inventory, restore, and
monitor riparian ecosystems. Thisis particularly true for north, coastal California watersheds where recent policy
determinations under the federal Clean Water Act and Endangered Species Act require regulatory agencies to assess
ecosystem integrity in a comprehensive and timely manner.
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